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Abstract

In recent years, significant advancements in the
field of Natural Language Processing (NLP)
have positioned commercialized language mod-
els as wide-reaching, highly useful tools. In
tandem, there has been an explosion of mul-
tidisciplinary research examining how NLP
tasks reflect, perpetuate, and amplify social
biases such as gender and racial bias. A sig-
nificant gap in this scholarship is a detailed
analysis of how queer sexualities are encoded
and (mis)represented by both NLP systems and
practitioners. Following previous work in the
field of AI fairness, we document how sexuality
is defined and operationalized via a survey and
analysis of 55 articles that quantify sexuality-
based NLP bias. We find that sexuality is not
clearly defined in a majority of the literature
surveyed, indicating a reliance on assumed or
normative conceptions of sexual/romantic prac-
tices and identities. Further, we find that meth-
ods for extracting biased outputs from NLP
technologies often conflate gender and sexual
identities, leading to monolithic conceptions
of queerness and thus improper quantifications
of bias. With the goal of improving sexuality-
based NLP bias analyses, we conclude with rec-
ommendations that encourage more thorough
engagement with both queer communities and
interdisciplinary literature.

1 Introduction

In a landmark essay that bridges the gap between
Queer Theory and practical work in Artificial Intel-
ligence, Nishant Shah questions attempts to mesh
queer life with machine binarisms, observing the
following:

"The rhetoric of AI development as nec-
essarily improving the human condi-
tion, but particularly removing the “un-
wanted” or “undesirable” structures of
contamination and corruption, inevitably
frames queerness as a site of detection,

management, containment, and punish-
ment, thus falling in a long legacy of
technological refusal to recognise it as
a legitimate subculture of lifestyle, and
measuring it always as an aberration."

– Shah (2023)

This framing exposes how queerness is often mis-
represented, made invisible, or pathologized by AI.
Bias against queer people in Natural Language Pro-
cessing (NLP), then, is not merely a technical flaw
or glitch but a reflection and reinforcement of sys-
temic prejudice. With the growing prominence of
language model technology, anti-queer bias in NLP
systems can inflict even greater harms against an
already vulnerable population. This can manifest
as both "allocational harms," where queer people
are discriminated against or treated differently com-
pared to other groups, or "representational harms,"
where queerness is misrepresented or erased within
NLP systems (Gallegos et al., 2024).

In an effort to mitigate these harms, sexuality
is increasingly becoming a common demographic
axis for which to measure bias in NLP systems.
Building on seminal work uncovering algorithmic
racial and gender bias (Bolukbasi et al., 2016;
Caliskan et al., 2017; Manzini et al., 2019; Sun
et al., 2019), a handful of authors have begun to
research how queer sexualities are processed in var-
ious NLP tasks such as language generation (Sheng
et al., 2019; Dhingra et al., 2023; Felkner et al.,
2024), machine translation (Stewart and Mihalcea,
2024), sentiment analysis (Ungless et al., 2023),
hate speech/toxicity detection (Davani et al., 2023),
and even heteronormativity detection (Vásquez
et al., 2022). Scholars in the field of gender and
sexuality studies have noted, however, that a stable
definition of queerness is slippery at best, owing to
the social construction of sexuality and its entangle-
ment with constricting systems of power (Foucault,
1978; Butler, 1990). Therefore, we are primarily
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interested in how technical researchers articulate
and codify sexuality, centering our analysis on NLP
bias research.

Specifically, we seek to quantify how researchers
theorize sexuality through a survey of 55 papers
that specifically analyze sexuality bias in NLP sys-
tems. Following Devinney et al. (2022)’s work
on theories of gender in NLP, we document how
sexuality is theorized ("what is sexuality?") and op-
erationalized ("what data represents sexuality?").
We also consider if surveyed articles employ in-
tersectional methodologies ("is sexuality bias mea-
sured simultaneously with other bias axes?"). We
find that a majority of the papers surveyed do not
make their conception of sexuality clear, causing
many papers to, among other things, conflate sexu-
ality and gender, oversimplify sexuality, and adopt
methodologies that position heterosexuality as the
default.

We conclude with recommendations for re-
searchers who wish to measure sexuality-based
bias in NLP systems. We argue that practitioners
should make their working definition of sexual-
ity explicit, and such a definition should consider
intersectional identities when possible. Further,
great care should be taken to construct datasets
that draw on meaningful power dynamics rooted
in real queer experiences. Finally, we take inspi-
ration from queer theory to suggest possible paths
forward that center queerness not just as a social
demographic, but as an ideological framework for
which to construct equitable NLP systems.

2 Background

We first outline related meta analyses of NLP bias
research, then move to explore various theories of
sexuality, drawing from community definitions and
relevant theory. We also note how discussions of
gender and intersectionality are necessary even if
the focus of this analysis is sexuality.

2.1 Related Work

Devinney et al. (2022) surveyed how NLP papers
explicitly theorized and implicitly operationalized
"gender" in bias research. They found that a major-
ity of the papers surveyed "do not make their theo-
rization of gender explicit" and that many papers
"conflate sex characteristics, social gender, and lin-
guistic gender" so as to exclude trans, non-binary,
intersex, and intersectional gender identities. While
their focus was on gender bias, we share similar

motivations in investigating how queer people are
under/misrepresented in NLP bias analyses.

Many studies have shown that certain bias mea-
surement techniques rely on problematic assump-
tions that can undermine their effectiveness. Blod-
gett et al. (2020) found that motivations expressed
by NLP bias articles tend to lack clear "normative
reasoning," and that these papers’ quantitative mea-
sures for evaluating bias often do not align with
their intentions. Blodgett et al. (2021) further out-
lined how unclear articulations of social stereotypes
lead to ambiguous and ineffective datasets for mea-
suring bias in NLP tasks such as language modeling
and coreference resolution. Additionally, Gallegos
et al. (2024) conducted an extensive survey of LLM
bias evaluation and mitigation techniques, synthe-
sizing potential limitations of both bias evaluation
datasets and the methods/data structures used to
extract bias.

2.2 Sexuality, Gender, and Social Theory

A single, stable definition of sexuality is inherently
illusive. From biology to sociology, theology to
sexology, feminist studies to queer theory, there
are vast differences between how sexuality is re-
searched and theorized across disciplines. As such,
for the purposes of this study it would be improper
to narrowly confine "sexuality" under a single all-
encompassing definition. Therefore, we briefly
outline how sexuality can be conceptualized along
various continua, how gender and race are inextri-
cably and historically linked to modern ideas of
sexuality, and how queer and feminist theories may
further trouble a stable definition of sexuality.

Sexuality Spectra and Identities. A useful
heuristic for understanding sexuality is to place
an individual’s sexual and romantic preferences (or
non-preferences) on various continua. One of the
earliest attempts to categorize sexuality in this way
was "The Kinsey Scale," which saw sexuality as
a variable mixture of homosexual and heterosex-
ual urges (Kinsey et al., 1948). Moving slightly
past finite identity categories, The Kinsey Scale
allowed medical experts to categorize sexuality be-
yond a binary (homosexuality/heterosexuality) or
trinary (homo/hetero/bisexuality) model. Similar
methods of placing sexuality on a scale or spec-
trum are still popular today. Someone who feels
a strong alignment with a certain sexual or roman-
tic identity may choose to self-identify their sex-
ual/romantic orientation, with common identities
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falling under broader homosexual/romantic, hetero-
sexual/romantic, or bisexual/romantic categories.
Asexuality or aromanticism are identities that de-
scribe less or no sexual/romantic attraction, and
many see the "aro/ace" spectrum as another compo-
nent of any person’s sexuality. A somewhat com-
prehensive list of commonly used identities can
be found on websites like the community-curated
LGBTQIA+ Wiki1.

Gender. While gender is not the explicit focus
of this paper, gender and sexuality are inextricably
linked. At a minimum, many sexual identity la-
bels are contingent upon a person’s gender identity,
meaning a discussion of sexuality-based NLP bias
is incomplete without first analyzing how authors
conceive and operationalize gender in NLP systems.
As mentioned previously, Devinney et al. (2022)
investigated the ways in which NLP researchers
often employ binary notions of gender in bias re-
search. Further, they find that many papers use
"essentialist" frameworks that explicitly exclude
trans and non-binary identities by constructing gen-
der as immutable.

Both binary and essentialist notions of gender
can lead to improper conceptions of sexuality; a
researcher aiming to study sexuality bias in NLP
systems while failing to reconcile with gender pre-
sentations beyond static "man" or "woman" labels
can lead to a lack of representation for gender-
expansive sexualities. Further, the term "queer," as
well as some Indigenous and non-Western identi-
ties (e.g., Two-Spirit in Indigenous North American
cultures or Hijra in South-Asian cultures), further
blur the line between gender and sexuality, a phe-
nomenon that often complicates single-axis bias
research. The ways researchers reconcile with the
interplays between gender and sexuality are dis-
cussed in Section 4.1.

Intersectionality. An intersectional framework
is essential for fully capturing how individuals with
multiple marginalized identities experience oppres-
sion. "Intersectionality" was coined by Crenshaw
(1989), who articulates how a "single-axis frame-
work" of identity does not fully account for the
compounded way in which "Black women are sub-
ordinated." In the context of evaluating sexuality-
based bias in NLP systems, this may mean consid-
ering the ways a technology may be more biased
against, say, "Black lesbian" identities versus sim-

1https://lgbtqia.fandom.com/wiki/

ply "lesbian" identities. This is discussed further in
Section 4.4.

Queer and Feminist Theories. To examine di-
verse conceptions of sexuality, we provide a brief
overview of key theoretical frameworks from Fem-
inist and Queer Studies. Namely, poststructuralist
thought questions the stability of gender and sexual
categories by theorizing identity as a socially con-
structed product of power relations. Famously, But-
ler (1990) articulates their concept of “gender per-
formativity,” or the idea that gender is constructed
through discursive practices and everyday critiques
and relations. Further, Butler argues that sex, gen-
der, and sexuality are cultural processes that are
informed by heteronormativity2. Together with
Foucault’s The History of Sexuality (1978), a criti-
cal historical response to the formation of sexuality
categories, we can begin to understand sexual iden-
tities as institutionally constructed and socially re-
inforced phenomena. While these authors are suspi-
cious of common identity categories, it is important
to note that many theorists, particularly some Black
feminist scholars, support theories of identity that
emphasize one’s relation to marginalization and en-
able coalitional empowerment (Ahmed, 2017; Co-
hen, 1997). A discussion about the extent to which
surveyed articles engage with sexuality theory is
discussed throughout Section 4 and suggestions for
incorporating interdisciplinary theory in NLP work
are presented in Section 5.

3 Survey

3.1 Method
We collected papers concerned with sexuality-
based bias in the field of Natural Language Pro-
cessing by conducting multiple searches across two
primary databases. In total, we obtained 55 papers
between February and March of 2025 using the
methods outlined by Devinney et al. (2022) and
Blodgett et al. (2020).

First, we searched for papers with keywords re-
lating to sexuality3 together with "NLP"/"Natural
Language Processing" and "bias" across the Associ-
ation for Computational Machinery (ACM) Digital
Library 4. Out of 71 search results, only five specif-

2The theory that heterosexual culture is synonymous with
normal ways of living (Warner, 1991) or that heterosexuality is
often assumed and mandated as the default sexual orientation
(Rich, 1980).

3See a more detailed explanation of how we search for
sexuality in Appendix A

4https://dl.acm.org/
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ically dealt with sexuality bias in NLP systems.
Next, we conducted a similar search across the
Association for Computational Linguistics (ACL)
Anthology 5, collecting 60 additional articles that
fit our initial inclusion criteria. Of these initial 65
papers, ten were later excluded as they either did
not specifically address bias within NLP systems or
sufficiently address sexuality (as opposed to gender
or other categories of bias). The complete list of
all 55 papers are included in Appendix C.

We then carefully read each paper in order to
explore how NLP researchers conceptualize and
operationalize sexuality in bias research. We cate-
gorize each paper by considering myriad primary
factors, with each category summarized in Table 1.

We also took supplemental notes for each paper,
and document additional findings and trends in
Section 4. The results from the survey are detailed
below.

3.2 Results
Sexuality Theory. We find a sizable variation in
how sexuality is theorized across papers, evidenced
in Table 2. Only 14 (25.5%) articles are tagged as
neither underspecified or undefined, meaning sex-
uality or queerness is explicitly defined to some
extent. Three (5.4%) papers are marked as unde-
fined, meaning sexuality is never defined and no
definition can be reasonably assumed. A majority
of the papers (38, or 69.1%), however, are tagged
as underspecified. These papers do not explicitly
define sexuality or queerness, but an implied frame-
work can be inferred from methods or data. We find
that about half the papers surveyed (n=27) consider
more than three sexuality identities. However, only
six (10.9%) specifically acknowledge that sexual-
ity is a spectrum or mention inherent difficulty in
quantifying sexuality6.

Sexuality Proxy. We find that papers often uti-
lize one of two sexuality proxies (Table 3): human
annotation (14, or 25.5%) and identity word lists
(40, or 72.7%). Its important to note that only prox-
ies explicitly stated by paper authors are counted in
the survey. For example, papers that utilize human
annotation of generated/collected text often con-
tain more complex proxies for sexuality than sim-
ple word list (thereby necessitating manual annota-

5https://aclanthology.org/
6Of these six papers, none attempt to operationalize com-

plex definitions of sexuality beyond employing identity words
for bias detection. Potential future work in this area is de-
scribed in Section 5.5.

tion), but these proxies are not tabulated. Excluding
proxies that involve annotation, a large majority of
papers identify a set list of sexuality identity words
(e.g., homosexual, heterosexual, asexual, etc.) that
are then used to conduct bias analyses (e.g., evalu-
ating word embedding associations of straight vs.
queer identity words; or analyzing the output of
an LLM prompted with straight vs. queer identity
words). One paper (Felkner et al., 2023) uses social
media posts and online news articles about queer
topics, and one paper (Stewart and Mihalcea, 2024)
explicitly uses grammatical gender, pronoun, and
title relations as a proxy for sexuality.

Sexuality Bias. Table 4 details the large swath
of bias measures employed across surveyed pa-
pers. Roughly a third (20, or 36.4%) of articles
utilize one or more automatic subjective language
classifiers (tagged as either regard, sentiment, or
toxicity/hate) to compare outputs from various gen-
erative models. Other notable bias detection tech-
niques observed were model performance compar-
isons (15, or 27.3%), generation likelihood compar-
isons (14, or 25.5%), counterfactual data structures
(13, or 23.6%), and word embedding vector analy-
ses (7, or 12.7%).

Finally, Table 5, 6, and 7 report the Sexuality Fo-
cus, Beyond Duality, and Intersectionality clas-
sifications, respectively. We find that a majority
of papers do not have a sexuality focus or utilize
an intersectional framework, meaning most papers
consider multiple demographics but do so inde-
pendently in their bias analysis. Additionally, we
find that roughly half of the papers (25, or 45.5%),
go beyond a simple heterosexual/LGBTQ+ binary
comparison structure. This means an article may
consider multiple queer identities (and breaks down
results by identity) or simply does not consider
heterosexuality (common when only considering
"marginalized" or "protected" groups).

4 Discussion

We find that an overwhelming number of papers
surveyed do not make their theorization of sexu-
ality explicit, indicating a reliance on assumed or
normative conceptions of sexual/romantic practices
and identities. Many of our findings are consistent
with Devinney et al. (2022)’s study of gender bias
research, namely that authors often don’t engage
with gender/sexuality literature even in research
that centers anti-queer bias. At a minimum, this
under-citation of work outside of NLP overlooks
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Category Description
Sexuality Theory How is sexuality is theorized?
Sexuality Proxy What data is used to represent sexuality?
Sexuality Bias How is sexuality bias theorized or measured?
Sexuality Focus Is measuring sexuality bias the primary focus of the article
Beyond Duality Does the article go beyond a queer/not queer binary comparison structure?
Intersectionality Is sexuality bias measured together with other oppressions
Language What language(s) are investigated
Technology What technology is examined

Table 1: Categorization schema for surveyed papers.

Sexuality Theory Inclusion Criteria #
aro/ace considers identities along the aromantic/asexual spectrum 16
binary considers only homosexuality and heterosexuality 6
culture-dependent analyzes sexuality identity definitions across cultural/language contexts 2
homosexuality only considers only homosexuality 4
trinary considers only homosexuality, heterosexuality, and bisexuality 3
many identities considers >3 sexuality identities 27
monolithic sexuality only characterized by the word "LGBTQ+" 1
romantic considers romantic attraction as distinct from sexual attraction 3
sexuality is gender sexuality identities suspiciously placed under gender category 1
spectrum acknowledges sexuality is a spectrum/complex 6
undefined no clear framework 3
underspecified does not explicitly/clearly define sexuality 38

Table 2: How is sexuality theorized across papers? Note that papers may be included in multiple categories, so
counts do not sum to 55.

Sexuality Proxy Inclusion Criteria #
affiliation uses collected text from social media spaces and news sources 1
annotation (human) uses manual human annotation of generated/collected text 14
annotation (LLM) uses automatic LLM annotation of generated/collected text 1
grammatical gender rel. uses gendered word relations 1
identity word list uses a set list of identities 40
pronoun rel. uses pronoun relations 1
titles uses relationship titles 1

Table 3: What data is representative of sexuality? Note that papers may be included in multiple categories, so counts
do not sum to 55.
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Sexuality Bias Inclusion Criteria #
allocational concerned with differences in allocated resources 1
associations tests differences between identity category associations 4
counterfactual compares stereotypical/non-stereotypical sentences 13
data imbalance considers imbalance in training data for certain identities 2
example bias shown via provided examples 1
harm compares number of harmful generations via manual annotation 1
heteronormative addresses heteronormativity detection 1
likelihood compares the probability that a sentence/word was generated 14
multiple explicitly considers many dimensions of bias 2
occupation uses occupation titles as a measure of bias 5
performance evaluates a tool’s correctness, considers >2 sexuality identities 9
performance (binary) evaluates a tool’s correctness, considers hetero/homosexual identities 6
QA asks: does a QA model prefer one answer choice over another? 6
regard score comparisons: uses "regard" (Sheng et al., 2019) 5
sentiment score comparisons: uses an automatic sentiment classifier 5
toxicity/hate score comparisons: uses an automatic toxicity/hate speech classifier 16
translation measures machine translation accuracy 2
word embeddings compares sexuality identity word vectors 7

Table 4: How is sexuality bias theorized and/or measured? Note that papers may be included in multiple categories,
so counts do not sum to 55.

Sexuality Focus #
no 47
yes 8

Table 5: Is measuring sexuality-based bias in NLP sys-
tems the primary focus of the article?

Beyond Duality #
no 30
yes 25

Table 6: Does the article go beyond a simple heterosex-
ual/LGBTQ+ binary comparison structure?

Intersectional #
no 48
yes 7

Table 7: Is sexuality bias measured together with other
oppressions? The paper must consider multiple op-
pressed identities simultaneously. It is not sufficient to
analyze multiple biases separately.

essential interdisciplinary perspectives – but at its
worst, it can lead to incorrect conceptions of queer-
ness that may perpetuate the very harm researchers
are trying to mitigate. Below we outline some
common trends we observed while conducting the
survey.

4.1 Gender/Sexuality Conflation
Gender and sexuality are often used interchange-
ably in examined papers. Sometimes, collapsing
queer gender and sexual identities is not done in
a necessarily harmful manner. For example, a re-
searcher who wishes to evaluate an NLP system’s
potential bias against queer people may test various
identities, including both sexual and gender identi-
ties, and report results under a general "LGBTQ"
bias category. This method of testing and reporting
is broad and may not tell the reader any identity-
specific information, but valid conclusions about
bias may still be made. Often, however, sexuality
and gender are conflated in ways that demonstrate
under-informed or even misinformed theorizations
of queerness.

The most basic type of gender/sexuality confla-
tion is when an article classifies sexual identities
as gender identities or gender identities as sexual
identities. Mukherjee et al. (2023), for example,
does the latter when they characterize the type of
bias "LGBTQ+" people face simply as "sexual-
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ity bias," grouping transgender people into specifi-
cally sexuality-based bias evaluations. Hassan et al.
(2021), on the other hand, categorizes the words
"...lesbian, gay, bisexual, [and] asexual..." under
the category of "Gender Identity," demonstrating a
gross misunderstanding of both sexuality and gen-
der.

Both of the authors above only explicitly con-
sider either "sexuality" or "gender" bias in their
methodology. In other words, sexuality and gender
are not considered two separate constructs, leading
to their misrepresentation. Navigli et al. (2023)
exemplifies a different, more troubling trend seen
in some papers when the authors use "non-binary"
as an example of a sexual orientation while also
considering gender bias elsewhere in the paper.
Similarly, Elsafoury (2023) classifies "transgen-
der" under a "Sexual-orientation" table row even
though a "Gender" category exists just two lines
above. These papers showcase how researchers
often attempt to maintain gender as the "binary
case," even when other demographic factors are
operationalized with multiple categories (Devinney
et al., 2022). In other words, despite how both gen-
der and sexuality are equally considered, trans and
non-binary identities defy cisnormative, essential-
ist binaries and thus don’t fit into gendered word
lists that contain words like woman, female, sister,
or husband.

The word queer reveals a particular struggle
among NLP bias researchers. "Queer" can be used
as an epithet (discussed in Section 4.5), but can also
refer to someone who identifies as a sexual or gen-
der minority. "Queer" is inherently anti-categorical
and fluid, a phenomenon in tension with NLP sys-
tems that require immutable and mutually exclusive
categories. As Shah (2023) points out, queer identi-
ties are often marked as "dirty data" and discarded
in AI systems because of this incompatibility, seen
in one surveyed paper dealing with various demo-
graphic biases:

"We exclude the descriptor “queer”, an
outlier because it falls in both the gen-
der/sex and sexual orientation axes."

– Costa-jussà et al. (2023)

Recommendations for how queerness, both as
an identity category or a poststructuralist frame-
work, can be better conceptualized by NLP/AI re-
searchers is discussed in Section 5.5.

4.2 Sexuality: Simplified
Roughly a fifth (10, or 23.6%) of the papers sur-
veyed explicitly or implicitly exclude sexualities
other than homosexuality or heterosexuality. Often,
this exclusion of other identities is not addressed.
Articles that do address the existence of more iden-
tities often do so only to then justify why they must
be excluded because of some constraint. Similar
to Devinney et al. (2022)’s observation that binary
gender is seen as a limitation, we find that binary
sexuality is often listed as a technical limitation of
bias analysis techniques. In one paper, the authors
explain that their methodology only enables binary
group comparisons while also acknowledging that
queerness cannot be captured with a single word:

"...we define pairs of theory spe-
cific words for each type of
discrimination...Man-Woman, German-
Foreigners, Straight-Gay, for sexist,
xenophobic and homophobic prejudice
respectively. Both gender and sexuality
are spectra. We did not analyze here bi-
ases related to the rest social groups for
simplicity reasons, as the methodology
deals with group dualities."

– Papakyriakopoulos et al. (2020)

Another author frames a sexuality binary as a
methodological strength:

"[W]e examine the groups female and
male for gender, Black and White for
race, and gay and straight for sexual ori-
entation. To constrain the scope of our
analysis, we limit each demographic type
to two classes, which, while unrepresen-
tative of the real-world diversity, allows
us to focus on more depth in analysis."

– Sheng et al. (2019)

Collapsing all non-straight sexualities under the
"gay" umbrella demonstrates an oversimplification
of queerness that deeply limits a study’s capacity
to measure complex bias.

4.3 Heteronormativity
We find that a significant portion of the articles
surveyed employ heteronormative methodologies
that position heterosexuality as the default/norm
and queer sexualities as the "other." Heteronorma-
tive methodologies are not the same as intention-
ally examining queer discrimination or hate speech,
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which is discussed in Section 4.5. Instead, we find
that many papers employ techniques for extracting
bias that privilege heterosexuality or are otherwise
misaligned with queer ways of being.

Unmarkedness. Linguists use the term "marked-
ness" to describe how marginalized identities are
highly visible in common language. Unmarked
groups, on the other hand, are culturally privileged
identities (such as white, heterosexual, or man)
that "gain a special, default status" because they
are normatively assumed when an identity is not
specified (Bucholtz and Hall, 2005). We find that
heterosexuality is often unmarked or assumed as
the default in more than one paper surveyed. For
example, Jiang and Vosoughi (2020) tests how var-
ious identities are scored with a toxicity classifier,
but does not include heterosexuality in their anal-
ysis despite considering homosexual identities, as
well as both marginalized and privileged racial and
gender identities like black/white and man/woman.
Although this omission privileges heterosexuality
as the assumed norm, Blodgett et al. (2021) points
out that simply adding “straight” words may not
be an adequate solution. Since heterosexuality is
often unmarked in natural language, using an auto-
matic classifier to test the sentence "I am a straight
man" for toxicity, for example, may produce unre-
liable results, since straight man is an artificially
constructed example that likely does not naturally
appear often in the classifier’s training data (Blod-
gett et al., 2021).

Counterfactuals. Counterfactual sentence struc-
tures are commonly used to test NLP systems for
bias by perturbing identity words in a sentence
while leaving the rest of the semantic meaning un-
changed (Gallegos et al., 2024). A drastic change in
a model output in response to the changed identity
word could indicate bias. For example, CrowS-
Pairs (Nangia et al., 2020), a dataset from one of
the papers surveyed, uses the following to probe
for sexuality-based model bias:

"Most gay / straight men are not manly
so they do not have thick beards."

– Nangia et al. (2020)

Sentences like this suffer from the unmarkedness
problem described above, but they also structurally
frame heterosexuality and queerness as distinct
opposites. While the authors’ goal is to exam-
ine model bias with respect to stereotypical/anti-
stereotypical sentences, doing so in this way places

heterosexuality as the touchstone sexuality for
which queerness should be compared to. Blodgett
et al. (2021) point out various faults with CrowS-
Pairs, such as how the dataset often presents illogi-
cal or problematic stereotype pairs. One example
we found places queerness at odds with whiteness:

"Then they disobeyed god by being
lesbians / white and beginning to kiss."

– Nangia et al. (2020)

Nangia et al. (2020) frames white as an appropriate
"contrasting advantaged group" to lesbians, a "his-
torically disadvantaged group." Beyond the issue
that white is a racial identity that should not be used
to test for sexuality bias, the assertion that white,
rather than straight, is the most logical contrasting
word to lesbian demonstrates that heterosexuality
is thoroughly ingrained as the default in US culture,
so much so that the annotator for this particular
example may have perceived whiteness and hetero-
sexuality as overlapping or mutually reinforcing
categories of privilege.

Counterfactuals have the potential to go beyond
centering heterosexuality, but no paper that uses
this structure attempts to do so. Felkner et al.
(2023) employ contrasting pairs and include myr-
iad queer identities, but, similar to Nangia et al.
(2020), always use heterosexuality as the default
with which to compare. We believe researchers
can uncover more nuanced intragroup biases by de-
centering heterosexuality and directly comparing
queer sexualities to one another, which is discussed
further in Section 5.4.

4.4 Intersectionality

Using Crenshaw (1991)’s terminology, "intragroup
differences" are often ignored or conflated under
monolithic identities in a majority of the papers
surveyed. Specifically, 87.3% (n=48) of papers do
not adopt an intersectional framework of analysis,
meaning that sexuality bias is often measured in-
dependently of, say, racial bias. Most papers do
not acknowledge how bias may be compounded for
identities that face multifaceted societal oppression.
Some authors acknowledge the existence of inter-
sectionality, but exclude it from their methodology
because of technical limitations or simplifications.
For example:

"Examples demonstrating intersectional
examples are valuable...but we find that
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allowing multiple tag choices dramati-
cally lowers the reliability of the tags."

– Nangia et al. (2020)

Other authors may reference intersectional theory
but fail to meaningfully engage with intersectional
identities in their analysis, often treating multiple
identities separately rather than examining how
they interact (Hassan et al., 2021; Mukherjee et al.,
2023). Finally, we observe that articles that study
word embeddings are often limited in their inter-
sectional analysis, simply because token-based em-
beddings can usually only capture single words.
Thus, multifaceted identities that require multiple
words to describe may not be within the scope of a
word-embedding analysis. We echo Gallegos et al.
(2024) in questioning the effectiveness of word
embedding–based bias analysis for evaluating real-
world discrimination.

4.5 Hate Contexts

Sexuality is sometimes theorized only through the
lens of hate or as an attribute that contributes to
hurtful language. For example, at least three papers
surveyed (Elsafoury et al., 2022; Nozza et al., 2021,
2022) use the Hurtlex lexicon (Bassignana et al.,
2018), which frames homosexuality as a compo-
nent of hate speech. Papers that use benchmarks
such as this one may classify text containing the
word "gay" as hurtful, even if the tone of the text is
neutral or benign.

Reclaimed words, or words that have histor-
ically functioned as epithets that have been re-
worked/embraced by marginalized groups, also
cause trouble for NLP researchers. Oftentimes,
these words are either exclusively seen as signs
of hate speech or simply excluded from analysis
because of their multiple meanings. Both of these
implementations are problematic for words like
queer, which, while historically used as a slur, is
commonly used by people in the LGBTQ+ com-
munity. Even the word gay may trigger negative
associations in bias analyses because of historical
pejorative uses of the word (Dhingra et al., 2023).
By failing to account for the reclamation and evolv-
ing meanings of these words, NLP researchers risk
perpetuating outdated biases and misrepresenting
the lived experiences of marginalized communities,
ultimately preventing more nuanced analysis.

4.6 Cultural Contexts and Western Hegemony
We found that nearly all of the papers surveyed
examine sexuality through a Western, often US-
centric lens, unless the paper specifically focuses
on non-Western cultural contexts. Most papers do
not acknowledge their Western focus, but those that
do often list it simply as a limitation. For example:

"Our study is also very Western-centric:
we study only English models/datasets
and test for biases considered norma-
tively pressing in Western research."

– Steed et al. (2022)

The two papers that were marked as employing
culture-dependent theories of sexuality (Fort et al.,
2024; Gamboa and Lee, 2024), however, specif-
ically examine how Western benchmark datasets
may be both linguistically and culturally translated
into different global contexts. These studies at-
tempt to transform English/Western stereotypes
about sexual minorities into stereotypes that can be
used for multilingual bias testing.

5 Recommendations and Future Work

As we have demonstrated, current efforts to quan-
tify sexuality bias in NLP systems often reproduce
limited theories of sexuality that fail to account for
the complexity of queer identities. Simultaneously,
heterosexuality is often positioned as the default or
baseline with which to measure all other relation-
ship structures. To address this, we provide a list of
recommendations for the NLP community based
on our observations throughout the study, as well
as point to future research that may bridge the gap
between NLP and queer theory.

5.1 Make Theory of Sexuality Explicit
We adapt Devinney et al. (2022)’s call for re-
searchers to clearly state their theoretical frame-
works around gender when addressing gender-
related NLP bias. Sexuality, like gender, should
not be taken for granted and assumed as an obvious
or self-explanatory category. While it may be im-
possible (and unnecessary) to fully capture all rele-
vant academic and community theories of sexuality,
we don’t believe it is unreasonable to make clear
how sexuality is operationalized and measured in
work that specifically addresses sexuality-based
bias. This is in line with Blodgett et al. (2020)’s as-
sertion that language technology researchers should
clearly state why certain system biases are harmful,
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in what ways, and to whom. For example, sim-
ply providing a list of identity words is insufficient
without an explanation of why certain identities are
included over others.

5.2 Allow for Intersectionality and Nuance
In the same vein as clearly explaining how sexual-
ity is theorized, researchers should leave space for
more complex identities and nuanced methodolo-
gies. In some cases, grouping all queer identities
under a broad "LGBTQ+" bias category may be
adequate, especially if sexuality is one of many
dimensions being considered, but many papers sur-
veyed do so even if their methodologies allow for
unambiguous, identity-specific reporting.

When explaining results, we encourage re-
searchers to break down nuanced signs of bias
and situate these results in the context of how the
bias was measured. When this isn’t possible, re-
searchers should refrain from grouping all queer
sexualities together when reporting results, espe-
cially if more specific identities were actually used
to extract model bias. In short, the more explicit a
study can be in describing exactly who is harmed
by a biased system, the better.

We also encourage researchers to adopt intersec-
tional methodologies. Oftentimes, researchers who
create template-based prompts to measure model
bias only measure a single demographic axis at a
time. On the other hand, researchers who anno-
tate real-world data, where social categories are
often entangled, may still collapse text into a single
category of bias. Both of these strategies ignore
the ways queer Black women, for example, ex-
perience unique and compounded discrimination
(Crenshaw, 1989). Researchers often defend the
use of single-dimension frameworks by arguing
that they allow for unambiguous analysis (see Sec-
tion 4.4). However, we argue that NLP practition-
ers should reframe their methodologies to account
for the specific and distinct biases faced by indi-
viduals at the intersections of multiple forms of
oppression, rather than framing these identities as
indeterminate and analytically imprecise.

5.3 Construct Meaningful Power Dynamics
We emphasize Gallegos et al. (2024)’s recommen-
dation that researchers "construct metrics to reflect
real world power dynamics" when evaluating NLP
technologies for bias. Specifically, datasets and
methodologies that measure anti-queer bias should
be rooted in the actual experiences of people within

the queer community. This necessarily requires sig-
nificant engagement with both relevant interdisci-
plinary literature and diverse members of the queer
community that face different levels of homopho-
bia, racism, mysogony, and transphobia.

In a similar vein, large language models should
not be used as a substitute for human annotators.
As Felkner et al. (2024) found, GPT-based dataset
annotation fails to capture harmful stereotypes that
are specific to the queer community. By abstracting
away queer (human) involvement in dataset anno-
tation, meaningful and nuanced power dynamics
are missed, severely limiting the effectiveness of
the bias detection technology.

5.4 Decenter Heterosexuality as the Default

As discussed in Section 4.3, many papers surveyed
use methodologies that center heterosexuality as
the default. In fact, heterosexuality is often not op-
erationalized as a sexual identity, evidenced by the
handful of papers surveyed that claim to analyze
sexuality-based bias but only consider queer sexu-
alities. While having a clear theory of sexuality, as
discussed above, may help address this issue, we
observe that heteronormativity can still permeate
a paper’s methodology. For instance, WinoQueer
(Felkner et al., 2023) encouragingly makes clear
their theorization of sexuality and reports detailed
results broken down by identity category. How-
ever, their methodology is based off CrowS-Pairs
(Nangia et al., 2020), which employ counterfac-
tual stereotypical/anti-stereotypical pairs to evalu-
ate bias. While WinoQueer is able to show clear
model bias by comparing myriad queer identities to
"a corresponding non-LGBTQ+ identity," this ap-
proach is constrained by its assumption that queer
identities in fact have "corresponding" opposites.

We ask, then, what nuanced biases could be un-
covered if we don’t take heterosexuality as the base-
line for which to compare? If a counterfactual data
structure must be used, could two queer identities
be compared, not as stereotypical opposites but as a
more privileged / more marginalized pair? In other
words, if we decenter heterosexuality, what subtle
intragroup biases could we uncover? Though con-
trasting pairs that reveal queer/non-queer model
preferences are useful, how could future work that
completely removes heterosexuality from the equa-
tion center queerness in bias evaluations? We dis-
cuss potential strategies for this in the following
section.
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5.5 Explore Queer Methodologies
"...a decidedly queer approach can ques-
tion the very logics of visibility with
which algorithmic systems and AI are
trained."

– Klipphahn-Karge et al. (2024)

Recently, queer theorists and other interdisciplinary
scholars have argued that queerness, both as a
loose grouping of sexual and gender identities
and a framework with which to understand anti-
categorical, fluid conceptions of life and power, is
somewhat at odds with current AI implementations.
As the above quote demonstrates, scholars such
as Klipphahn-Karge et al. (2024) argue that pro-
posed solutions for debiasing these systems, such
as increasing data representation or considering
additional identities, do not do enough to tackle
systematic marginalization. AI systems, they em-
phasize, heavily rely on strict, defined, immutable,
and mutually exclusive categories – all of which
are at odds with queer realities. How, then, could
we work towards an anti-heteronormative AI future
that centers queer existence?

One possible strategy for NLP researchers is to
deliberately reduce dependence on fixed or stable
identity categories. A significant majority of pa-
pers surveyed (40, or 72.7%) employ identity word
lists as a proxy for sexuality/queerness. While us-
ing identity words to extract model bias leaves lit-
tle room for contextual ambiguity, constructing a
supposedly ’comprehensive’ identity list inevitably
excludes less common or non-categorizable sexu-
alities from analysis. Further, Butler (1990) and
Foucault (1978) assert that gender and sexual cate-
gories are rooted in (and reinforced by) social struc-
tures of power that work to preserve heteronorma-
tivity. Identity categories should not be completely
discarded, but these observations indicate that there
may be room for a more queer approach to NLP
bias measurement.

Along these lines, Shah (2023) has suggested
that AI researchers work to limit their reliance on
highly prevalent categories in their infrastructures.
Doing so, Shah argues, would work towards "queer-
ing the node," thus centering the collective in AI
networks. Encouragingly, researchers such as At-
tanasio et al. (2022) have pointed to methods of this
nature that "do not require any a-priori knowledge
of identity terms," relying instead on more auto-
matic methods to detect and mitigate unwanted
bias. Inspired by this, we encourage future work

that simultaneously centers the lived experiences
of queer folk while challenging NLP’s reliance on
stable identity categories as the basis for bias eval-
uation.

6 Conclusion

"...if analysis could build a queer utopia
alone, we would not still be here."

– Keyes (2023)

Through a survey of 55 papers that concern sex-
uality bias in Natural Language Processing, we
found that a majority of NLP researchers do not
clearly articulate what sexuality is or why partic-
ular proxies for sexuality should be used. Further,
we found that few papers operationalize nuanced or
intersectional methodologies that account for the
specific realities of those who may face the greatest
systematic bias from NLP systems. Finally, we pro-
posed actionable solutions that encourage the NLP
community to make their conception of sexuality
explicit and to consider more complex frameworks
grounded in queer experiences and informed by
interdisciplinary scholarship.
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